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Small diameter trees refer to the trees with diameter at breast height (DBH)
ranging from 5 to 11 inches. This research focuses on the resource analysis and spatial
distribution of small-diameter tree (SDT) volume in Mississippi by a set of grouping
variables including DBH class, species, stand size, forest cover type, ownership, and
county groups. Regression and spatial interpolation techniques were used to predict the
SDT volume for pine, hardwood, and mixed forest covers.
Regression analysis resulted in a low regression coefficient (R2) without inventory
data for all the forest cover types. The mean SDT volume to the total volume was greatest
for pine (0.6), followed by mixed (0.4), and hardwood (0.3) forest cover. Non-spatial
estimates indicated the total volume within respective groups. The spatial and non-spatial
estimates of SDT resources can guide forest management personnel to effectively focus
their management efforts.
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CHAPTER I
INTRODUCTION

Small-diameter trees (SDT) include the small- and pole-sized tree classes of
Mississippi Institute of Forest Inventory (MIFI) program. More specifically small- and
pole-sized tree classes refer to trees less than 5 inches, and 5 to 11 inches diameter at
breast height (DBH) respectively. SDTs are characterized by the pre- and post-harvest
under-utilized material in the dense understory that persists throughout the forest (LevanGreen and Livingston 2001). It was reported that the biomass of SDTs and shrubs is
increasing at an average rate of 237 cubic feet per second in the United States (LevanGreen and Livingston 2003). Forest management practices such as active fire suppression
in western conifers and selective cutting of eastern hardwoods are primarily responsible
for the accumulation of SDTs. The accumulation of SDTs changes the forest structure
and composition, thereby increasing vulnerability to fires, insects, and diseases. The
following are the beneficial effects of SDT removal (Levan-Green and Livingston 2001
and 2003):


improves quality of stand species composition,



reduces fire, insect, and disease hazard,



improves wildlife habitat and watersheds,



provides potential revenue source to landowner,
1



improves forestry based communities, and



provides a source of continuous supply of wood and fiber to the nation.
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CHAPTER II
BACKGROUND, LITERATURE REVIEW AND OBJECTIVES

At the field level, destructive and below-ground woody biomass estimation
methods are impractical in terms of time, cost, and, access (Lu, 2006; Hansen et al.,
2002). This necessitates non-destructive methods of above-ground biomass and other
forest biophysical estimations at the field level and then on a large scale using geospatial
estimation techniques.
2.1

Biomass utilization
Forest management practices especially fire suppression and selective cutting of

high grade timber during the last few decades have resulted in accumulation of SDTs.
The accumulation of SDTs poses several forest health problems such as increased fire,
disease, and insect hazards (Levan-Green and Livingston, 2001). Removal of these SDTs
by prescribed burning is not practical in dense forest stands and not economical for
commercial thinning (Han et al., 2004). SDTs physical removal is the best solution to the
wild fire problem and presents potential raw material for bio-fuel production (Polagye et
al., 2007). Wood pellets, bio-oil and methanol represent the potential conversion
pathways that utilize these unmerchantable SDTs as feed stock (Polagye et al., 2007).
With the emergence of value-added utilization, SDTs were forming the new forest
biomass material for a variety of uses (Kelty et al., 2008). The possibility of utilizing low
3

price SDTs for bio-energy or bio-products as an alternative to high oil prices was noted
by Perlack et al., (2005). As such, SDTs presently engender a high level of interest that
necessitates research to determine their availability and distribution.
2.2

Geospatial resource analysis
Forest inventory provides a good source of information for characterizing tree-

level parameters. However, extensive sampling throughout the forest at regional scale is
unrealistic. Approaches for comprehensive assessment of forest resources range from
description and analysis of forest resources by using only field inventory data such as
Forest Inventory and Analysis (FIA) or combination of field inventory data and other
data sets (Rudis, 2003). With the emergence of advanced geospatial modeling
technologies, the concept of broad-scale spatial mapping from sample data came into
existence.
Plot-level forest inventory data are considered to be more reliable for statistics
when computed on large geographical units like counties or states (Jenkins et al., 2001).
To reveal underlying spatial patterns in forest inventory data, various methods have been
used. For example, Jenkins et al. (2001), applied typical field measurements to develop
biomass and net primary productivity estimates of the mid-Atlantic region of the United
States using FIA field data. Plot-level estimates were aggregated by forest type for
analysis. A weighted average based on an area expansion factor was utilized for each grid
cell for spatial distribution mapping. FIA data Jenks natural breaks (Kurtz, et al., 2006)
were used with Arc-GIS software to derive classes based on natural groupings inherent in
the FIA data related to area of forest land, and area of timber land. A K-Nearest neighbor
4

approach that uses weighted mean value of K-spectrally similar reference plots was used
to estimate forest parameters such as total wood volume, wood volume by species, age,
and biomass (Reese et al., 2002). Field data, digital map, and satellite data were used for
this K-nearest neighbor approach that resulted in a low error at the larger scale compared
to the regional scale. The probability of tree species occurrence associated with age was
used to map tree species distribution at the ecoregion scale (He et al., 1998). Information
from the plot level and field inventory data was aggregated within each ecoregion to
provide information on secondary and subcanopy tree species occurrence, and tree age
class distributions. The probabilistic algorithm was used to assign the information from
field plot inventory to satellite land cover classes. FIA field data were used in an inverse
distance weighting interpolation approach (Nelson and Vissage, 2005) by forest land use
stratification to produce geospatial data set of forest site productivity. Seventy five and
twenty five percent of the plot observations were used for training and testing
respectively.
A number of approaches have been used to estimate forest biomass from remotely
sensed data. All the approaches rely on the spectral information to characterize vegetation
and other biophysical properties related to forests. Direct radiometric relationships
(Labrecque et al., 2006), vegetation indices (Wang et al., 2007; Foody et al., 2001; and
Heiskanen, 2006), image transformations like principal components, and tasseled cap
transforms (Lu et al., 2002) are commonly employed in image processing approaches to
estimate biomass. The indices/radiometric values are generally used as biomass
predictors in functional analysis like the regression (Zheng et al., 2007; Muukkonen and
Heiskanen, 2007), discriminant analysis (Hall et al., 2006), Fourier analysis (Proisy et al.,
5

2007), wavelet decomposition (Kalacska et al., 2007), regression/classification tree
approaches (Blackard et al., 2008), nearest neighborhood analysis (LeMay et al., 2008;
Labrecque et al., 2006), neural networks (Foody et al., 2001), and geostatistical Kriging
(Sales et al., 2007). With this idea, the remote sensing derived variables were integrated
with GIS and field inventory data as a part of this research to analyze the relationship to
SDT resources.
2.3

Objectives
Given past research on forest resource characterization that has been validated

and future potential for SDT utilization, this research utilized geospatial tools to
investigate and assess the predictive power of the GIS and remote sensing derived
variables to map and estimate SDT volume. Specifically the objectives of this study were
to: (1) map SDT resource distribution by forest cover type using geospatial interpolation
and (2) characterize SDT resources by a suite of categories relevant to resource
management and planning.

6

CHAPTER III
MATERIALS AND METHODS

3.1

Study area
The study area includes the state of Mississippi, USA from longitude (88° 7' W to

91° 41' W) and latitude (30° 13' N to 35° N). Mississippi is approximately 340 miles long
and 170 miles wide with 82 counties (Figure 3.1). The average elevation for the MS is
300 feet above sea level (Net state.com∗). The study area is divided into five survey
regions by the Mississippi Institute for Forest Inventory (MIFI) (Figure 3.1). The southwest, south- east, central, north, and delta regions were sampled by MIFI during 2004-05,
2005-06, 2006-07, 2007-08, and 2008-09 respectively.
3.2

Geospatial data sets

3.2.1

MIFI dataset
Field measurements of all tree-level observations were collected by crews based

on fixed-radius (0.2 acre for saw timber; 0.1 acre for pulpwood; 0.01 acre for
regeneration class) plots in a stratified random sample by forest type (+ 15% standard
error at 95% confidence interval at the county level) throughout the study area. The field
data, stored in Microsoft Access database at different hierarchies of tree and plot, were
provided for the project by the Forest and Wildlife Research Center at Mississippi State
∗

http://www.netstate.com/states/geography/ms_geography.htm
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University (MIFI database coordinator). Tree-and plot-level data from all the regions
were combined for ease of SDT enumerations and other assessments. The cubic foot
inside bark attribute from the tree level data was used for volume calculations.

A
Mississippi State Transverse
Mercat or Projection (MSTM)
NAD 83 GRS80

I

I Coun

0 10 W

·bord r

60

80

.::::::::.1c;;1- -.::::==: . . - -,K110m

rs

Figure 3.1 Mississippi utilized as the study area for small diameter tree (SDT) resource
analysis including Mississippi Institute for Forest Inventory (MIFI) survey
regions.

A plot conversion factor was used to derive volume per acre. Similarly, a
procedure was used to determine trees per acre based on the stem frequency column.
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SDTs were separated from the rest of the tree data set based on values given in the DBH
attribute that ranged from 5 to 11 inches. All SDTs, arising from the same plot with same
plot tree identification number were placed in the same group. For each SDT group,
volume per acre was calculated and associated with the spatial plot data. Finally, the
volume per acre based on all the trees within the same plot was calculated and joined to
the spatial plot data. The spatial plot data with SDT tally is considered to be a SDT plot
here after. A similar procedure was used to derive the other DBH classes of less than 5
inch and greater than 11 inch trees. The trees that are greater than 11 inch were referred
to as large diameter trees (LDT). This latter information was subsequently used for
comparative purposes to examine the ratio of SDT volume to total volume as a further
measure of resource utilization potential.
MIFI data were also used to derive SDT density (trees per acre). From the MIFI
tree level data, trees per acre were derived using the frequency and per acre conversion
factor (PACF) columns. The PACF is a per acre conversion factor that is based on plot
size. Similar to the volume per acre calculation, the trees per acre of all the trees within
the same plot was calculated and joined to the spatial plot data.
Non-spatial tree and spatial plot data were compiled for SDT total volume per
acre and trees per acre and summarized by DBH class, species group, ownership, stand
size, forest cover type, and county groups. Since the MIFI sample is proportional to the
forested area under each county, the mean value for all plots and the total forested area
in each county was used to estimate the total volume and total trees under each county.
The county estimates were later summed up to derive the Mississippi estimates.

9

3.2.2

Satellite forest cover map
Forest cover data were generated for MIFI at the Measurements and Spatial

Technologies Laboratory (MSTL) of Mississippi State University (Collins et al., 2005).
Landsat Multi-spectral Scanner (MSS), Thematic Mapper (TM) and Enhanced Thematic
Mapper (ETM+) images were used to derive thematic maps of land cover types. An
unsupervised classification approach was used to determine forest type. Once the
thematic classifications were obtained, a unique reclassification scheme was used to
assign unique integer values for land cover type. For the purpose of this study, the
available land cover types from MIFI were reclassified into broad land cover classes of
water, non-forest, hardwood, mixed and pine land covers (Table 3.1).

Table 3.1 Original Mississippi Institute for Forest Inventory (MIFI) and reclassified land
cover types for small diameter tree (SDT) resource analysis in Mississippi.
Original cover type
Water
Non-forest
Hardwood, Hardwood ( 0 to 20% Coniferous)
Damaged Hardwood
Mixed, Mixed (20 to 80% Coniferous)
Damaged Mixed
Pine, Pine (80 to 100% Coniferous)
Damaged Pine

Reclassified cover
type
Water
Non -forest
Hardwood
Mixed
Pine

The SDT plots were stratified by satellite forest cover type into pine, hardwood
and mixed plots using the GIS type attribute of the MIFI plot data that was based on the
satellite forest cover map available from MSTL (Figure 3.2).
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Figure 3.2 Reclassified land cover types map for Mississippi derived from Mississippi
Institute for Forest Inventory (MIFI) forest cover classification (left) with
detail of Attala County and surrounding area (right).

3.2.3

Population density
One of the root causes of SDT accumulation is forest management practices

(Levan-Green and Livingston, 2001; 2003). Population density is considered to be one of
the ancillary variables of prime concern to biomass estimation (Lu et al., 2002).
Traditionally, census population data is the prime source of information on population
distribution (Liu et al., 2008). Several analytical and cartographic problems associated
with census data such as spatial data integration, modifiable area unit problems, and
11

accuracy with heterogeneous land use can be tackled by areal interpolation (Liu et al.,
2008; Moon and Farmer, 2001). Centroid-based (Martin, 1989) population density
surfaces are assumed to reflect the underlying distribution of population (Moon and
Farmer, 2001). These methods attempt to utilize a geostatistical semivariogram model for
an underlying density surface (Liu et al., 2008).
For this research, population data for the cities of Mississippi were used to derive
population density (population per unit area). The cities data were considered to better
explain spatial distribution variability in SDTs in outlying areas as compared to countylevel census spatial aggregation that includes cities. City locations provide more data
points that are more meaningful in terms of representing outlying areas rather than a
single data point represented for the whole county. The cities shape file was downloaded
from Mississippi Automated Resource Information System (MARIS). Total population
and area fields of the cities shape file were used to derive population density of the cities
using equation 3.1.
population density= population of a city⁄area of a city in square kilometer

(3.1)

The resultant population density values of the city centroids were interpolated to
the study area using geo-statistical Kriging (e.g. Figure 3.3). A trial-and-error approach
was used to optimize various Kriging parameters in a way to keep root mean square error
as low as possible (0.0002).
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Figure 3.3 Example of city shape file (boundaries and labeled centroids at-left) for
central Mississippi with derived population density map interpolated by
Kriging (right).

3.2.4

Wetness index and stream power index
Wetness index (WI) indicates the water content due to lateral water movement.

WI indicates the soil potential for water logging and flooding that might have significant
impact on growth and yield. WI values have been found to increase consistently with
increase in vegetation cover (Todd and Hoffer, 1998). Positive correlation of biomass and
wetness index was found by Roy and Ravan (1996). Similarly, stream power index (SPI)
is another important secondary relief soil attribute that indicates sediment transport as
well as erosion by water. Greater water movement can lead to increased sedimentation
13

and nutrient export into the streams, which in a way reduces water quality (Kelty et al.,
2008).
For this research, county-level digital elevation model (DEM) data processed by
University of Mississippi Geoformatics Center (UMGC) were acquired from MARIS
with 30 m resolution in Mississippi Transverse Mercator (MSTM) projection. The DEM
grids were sink filled and mosaicked using the mosaic tool in Arc-Map platform. The
sink fill process eliminates low or missing values so that smooth transitions remain in the
elevation model. These DEM data were used to derive slope in degrees using spatial
analysis surface tools. Spatial analyst hydrology tools were used to derive flow direction
and flow accumulation of the study area. DEM was used to derive the flow direction
raster from each cell to its steepest down slope neighbor. The flow direction raster was
then used to derive the flow accumulation raster with accumulated flow to each cell.
Finally, slope and flow accumulation were used to derive the wetness index (3.2) and
stream power index (3.3) of the study area (Figure 3.4, Trauth et al., 2007).
wetness index
stream power index

log 1

flow accumulation⁄tan slope

flow accumulation tan slope
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(3.2)
(3.3)
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Figure 3.4 Examples of derived wetness (left) and stream power indices (right) derived
from digital elevation model (DEM) data for parts of Mississippi.

3.2.5

Normalized difference vegetation index (NDVI)
NDVI (Tucker 1979) data capture the contrast between red and near infra-red

reflection of solar radiation by vegetation that indicates relative amount of green leaf area
(Myneni et al., 2001). Highly dependent relationships between satellite NDVI data and
field inventory data (Gonzalez Alonso et al., 2006), and positive correlations between
NDVI and biomass (Roy and Ravan, 1996) indicate the potential usefulness of NDVI in
biomass analysis and as such was considered for this research.
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From Landsat 2001 ETM+ imagery (30 m resolution), NDVI was derived and
mapped using equation (3.4) (Figure 3.5).
NDVI

Near infrared

red ⁄ Near infrared

(3.4)

red

Hi ·h
Low

A

Mississippi State Transv erse
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Figure 3.5

3.2.6

(0

60

80

Normalized difference vegetation index (NDVI) data derived from Landsat
enhanced thematic mapper (ETM) imagery of 2001 for part of the study
area.

Minimum noise fraction components (MNF)
MNF, an orthogonal transformation similar to principal component analysis

(PCA) enhances the image quality and facilitates end member spectra selection (Green et
al., 1988). MNF identifies and separates the spectral dimensionality into components of
noise and standard principal components based on two transformation approaches
(Tiruveedhula et al., 2009). The first transform results in a noise covariance matrix that
decorrelates and rescales the noise in such a way that noise has unit variance with no
correlation among the bands (Lu and Weng, 2004; ENVI, 2001). The second transform is
a standard PCA approach of the noise-whitened data (ENVI, 2001).
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PCA transforms were utilized for biomass estimation by Lu et al., (2002). Often,
satellite data are accompanied with sufficient statistical noise that produces erroneous
results in classification and modeling. The MNF transform takes noise into consideration
so that removal of the identified variability might increase the accuracy of biomass
estimations and as such was considered for this research.
All Landsat 2001 ETM + imagery bands (6), except Panchromatic (15 meter) and
Thermal (60 meter) were used in MNF analysis using ENVI version 4.3 software. Based
on the MNF output and visual interpretation of the output components (Figure 3.6), MNF
1 (assumed to contain all the information as in original image) and, MNF bands 5, 6, and
7 (considered to be noise) were discarded for analysis. MNF bands 2, 3, and 4 were
selected for inputs to SDT analysis.

17

nenl l

Figure 3.6

3.3

Compoueut 3

Components and Eigen values derived using minimum noise fraction
transformation of Landsat data for part of Mississippi study area (path 22
and row 38 of Landsat enhanced thematic mapper (ETM), 2001).

Regression analysis
A number of procedures have been used to estimate forest biomass from GIS and

remotely sensed variables and they generally involve some form of regression analysis
(Zheng et al., 2007; Muukkonen, and Heiskanen, 2007). Therefore, similar approaches
were examined for this research. The SDT resources were analyzed with relevant GIS
and remote sensing variables (Figure 3.7) of population density, SDT density, WI, SPI,
NDVI, MNF components 2, 3, and 4.
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Figure 3.7 Flow chart depicting the variable inputs and general procedures for small
diameter tree (SDT) resource analysis for Mississippi.
All the geospatial data layers were re-projected to the Mississippi State
Transverse Mercator (MSTM) projection with a 1983 North American Datum (NAD83)
and the Geodetic Reference System of 1980 (GRS80). The independent variables of
population density, SDT density, WI, SPI, NDVI, and MNF components 2, 3, and 4 were
maintained as raster grids with a 30-meter resolution.
The variables used in the analysis were in different ranges and different units. For
example NDVI values range from -1 to +1. Similarly population density is measured in
population per square kilometer. To compare these data on a common scale the following
linear transformation (3.5) was used for all the variables under consideration. The
transformation preserved the relationships in the original data values as well meet the
regression assumptions of linearity and normality.
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x

Z

Z

⁄ Z

(3.5)

Z

Where
Xi is the normalized value of Z
Z
is the minimum value of Z
Z
is the maximum value of Z
At each SDT plot location, the values were extracted for the geospatial variables
under consideration and used as matched observations for regression analysis to test the
significance of these variables in relation to SDT volume.
Model fits were run with and without field inventory data for each forest cover
type (pine, hardwood, and mixed) to analyze the relationship of these variables to SDT
resources. Of all the variables, SDT density was derived from field inventory data while
others were considered as non-inventory data. Other field inventory data were not used
as the data are not related or the ones assumed to be related were found to have no impact
on the SDTs volume. A good model without inventory data would be very valuable in
that it would reduce or eliminate the need for exhaustive field data collection. As such,
model significance was tested with and without inventory data variables.
3.4

Geospatial interpolation
To demonstrate how the field data could be used to illustrate SDT resource

distribution based on field inventory data in the absence of other possible predictive
variables, interpolation approaches were used. The stratified forest cover plots were
utilized to generate response surfaces for the SDT volume as well as SDT volume ratio
using the inverse distance weighted (IDW) interpolation for pine, hardwood and mixed
forest covers under consideration. As the plots were dense enough to capture the
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variation, Kriging was not considered for the analysis. Interpolation was run separately
within each MIFI forest cover type. The respective forest cover SDT plots were used in
the spatial interpolation technique of IDW with a second power and with number of
points approximately equivalent to the plots in a county. The power is the inverse power
for the interpolation that assigns more weight to the near points from the input point and
vice versa. Respective forest cover was also used as the analysis mask to prevent overand under-estimates of the response variable in non-forest areas. Similar to the process of
SDT volume estimation (refer to section 3.2.1), volumes for less than 5 inch and LDT
were estimated at the plot level. For SDT plots that matched with the less than 5 inch and
LDT plots, a volume ratio was derived for pine, hardwood and mixed forest cover using
Equation 3.6, 3.7, and 3.8 respectively. The SDT volume ratio serves as an index of the
amount of underutilized wood resource compared to the total available wood volume.
SDT pine volume ratio

SDT pine volume⁄Total pine volume

(3.6)

Where: total pine volume is the sum of volume from less than 5 inch trees, SDT, and
LDT diameter classes of pine forest cover.
SDT hardwood volume ratio

SDT hardwood volume⁄Total hardwood volume (3.7)

Where: total hardwood volume is the sum of volume from less than 5 inch trees, SDT,
and LDT diameter classes of hardwood forest cover.

21

SDT mixed volume ratio

SDT mixed volume⁄Total mixed volume

(3.8)

Where: total mixed volume is the sum of volume from less than 5 inch trees, SDT, and
LDT diameter classes of mixed forest cover.

22

CHAPTER IV
RESULTS AND DISCUSSION
SDT volume was modeled by linear regression for pine, hardwood, and mixed
forest cover with and without inventory data. Non-inventory data include the GIS and
remote sensing variables of population density (POP_DENS), wetness index (WI), stream
power index (SPI), NDVI, MNF components 2, 3, and 4. The only inventory data
included in the model was SDT density (SDTS_DENS). Other inventory data were not
considered as a part of the present research assuming that they either contribute less or
lack spatial datasets to the SDT volume analysis. The results for the considered variables
are discussed below.
4.1

Linear regression models

4.1.1

Pine forest cover
For the pine forest cover with inventory data (Figure 4.1), an R2 of 0.57 was

obtained. The model explains 57% of the variance in the SDT pine volume with all
variables. As the overall p-value of the model is less than 0.05, it states that there exists
significant relationship with the dependent variables. SDTS_DENS, MNF 2, and 3 were
found to have strong significant relationship with SDT volume. The variables
POP_DENS and MNF 4 were found to have significant relationship with SDT volume at
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1% and 5% level of significance respectively. The remaining variables of WI, SPI, and
NDVI were found to have no significant relationship with SDT volume.

Min
-2665.40

1Q
-273.77

Median
-48.02

3Q
242.98

Max

3062.09

Coefficients:
( Intercept)
POP DENS
SDTS DENS
'!JI
SPI

NDVI

MNF2
MNF3
MNF4

Estimate Std. Error t value Pr (>It I)
-2.397e+07 2.023e+07 -1.185 0.236295
-6.228e+02
2.780e+02 -2. 2 40 0.025232
4.014e+00 8.932e-02 44.943
< 2e-16
2. 133e+02 2.759e+02
0.773 0.439742
2.461e+07 2.078e+07
1.185 0.236312
1.083e+03 8. 272e+02
1. 310 0.190459
1.591e+04 1. 218e+03
13.065 < 2e-16
1.618e+03 4. 241e+02
3.816 0. 000141
-1.250e+03
7.583e+02 -1. 648 0. 099466

S i gn if . co des :

0 ' -,, -,, -,, '

0 . 0 0 1 ' -,, -,, '

0 . 0 1 ' -,, '

1'
1'1'1'

1'1'1'
1'1'1'

0 . 05 ' . '

0.1 '

'

1

Residual standard error: 493.2 on 1713 degrees of freedom
(853 observations deleted due to missingness)
Multiple R-squared: 0.5759,
Adjusted R-squared: 0.5739
F-statistic: 290.7 on 8 and 1713 DF,
p-value: < 2.2e-16

Figure 4.1 Output of regression model (dependent variable is SDT volume) with field
inventory variable (SDTS_DENS) for pine forest cover.

For the pine forest cover without field inventory data (Figure 4.2), the R2 was
only 0.07; that was very low in comparison to the model that utilized the field-based
inventory variable for SDTS_DENS. This model explains only 7% of the variation of
SDT pine volume. As the overall p-value of the model is less than 0.05, it states that
there exists significant relationship with the dependent variables. POP_DENS, MNF 2,
and 3 were found to have strong significant relationship with SDT volume in this model.
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Other variables of WI, SPI, NDVI, and MNF 4 were found to have no significant
relationship with SDT volume.

Min

-2123. 1

Median

lQ

-509.7

-159.2

3Q
3 67. 5

Max

3408.0

Coefficients:

Estimate Std. Error t value Pr(> It I)
(Intercept) -2.257e+07 2.986e+07 -0.756
0.450
POP DENS
-2.133e+03 4.073e+02 -5.236 1.84e-07
lJI
-4.142e+0l 4.071e+02 -0. 102
0.919
SPI
2.317e+07 3.066e+07
0.756
0.450
NDVI
-8.255e+02
1.219e+03 -0.677
0.498
MNF2
1.013e+04 1.787e+03
5.667 1.70e-08
MNF3
2.747e+03
6. 2 47e+02
4. 398 1.16e-05
MNF4
-6.971e+02
1.119e+03 -0. 623
0.533
Signif. codes:

0

,1;1;1;,

0.001

,1;1;,

0.01

,1;,

1; 1; 1;

1; 1; 1;
1; 1; 1;

0.05 ' . ' 0.1 '

'

1

Residual standard error: 727.8 on 1714 degrees of freedom
(853 observations deleted due to missingness)
Multiple R-squared: 0.07578,
Adjusted R-squared: 0.072
F-statistic: 20.08 on 7 and 1714 DF,
p-value: < 2.2e-16

Figure 4.2 Output of regression model (dependent variable is SDT volume) without
inventory data variable for pine forest cover.

4.1.2

Hardwood forest cover
The results of the regression model for hardwood forest cover are shown in Figure

4.3. For the hardwoods with inventory data, an R2 of 0.73 was obtained. The model
explains 73% of the variance in the SDT hardwood volume with these variables. As the
overall p-value of the model is less than 0.05, it states that there exists significant
relationship with the dependent variables. Only the variable SDTS_DENS was found to
have a very strong relationship with SDT volume. Variables WI and MNF 2 were found
25

to have significant relationship with SDT volume at 5% and 10% level of significance
respectively. Other variables of POP_DENS, SPI, NDVI, MNF 3, and 4 were found to
have no significant relationship with SDT volume.

Min

-2-403.16

lQ
-98. 37

Median
-15.7-4

3Q

85.66

Max

21-41.75

Coefficients:
(Intercept)
POP DENS
SDTS DENS
lJI
SPI
NDVI
MNF2

MNF3

MNF-4

Estimate Std. Error t value Pr (>I ti)
9.165e+05 3.225e+06
0.28-4
0.7763
7.-487e+Ol 5. 255e+Ol
1.-425
0.15-43
5. 280e+OO
6.81-'le-02
77.-490
<2e-16
1. 705e+02
6.902e+Ol
2.-471
0.0136
-9.-41-4e+05 3. 3 lle+06 -0.28-4
0.7762
5.062e+02
3.-460e+02
1. -4 63
0.1-436
1.1-42e+03
5.920e+02
1.929
0.0539
2. 88-4e+02
1. 772e+02
1. 627
0. 1038
-3. 3 62e+02
2. 05-4e+02
-1.637
0. 1017

Signif. codes:

0

'1;1;1;,

0.001

' 1; 1;,

0.01

' 1;,

0.05

'

1; 1; 1;
1;

, 0.1
, 1
'

Residual standard error: 201.8 on 2329 degrees of freedom
(108-4 observations deleted due to missingness)
Multiple R-squared: 0.731,
Adjusted R-squared: 0.7301
F-statistic: 791.1 on 8 and 2329 DF,
p-value: < 2.2e-16

Figure 4.3 Output of regression model (dependent variable is SDT volume) with
inventory variable (SDTS_DENS) for hardwood forest cover.

For the hardwoods without inventory data (Figure 4.4), an R2 of 0.035 was
obtained. The model explains only 3.5% of the variance in the SDT hardwood volume
with these variables. As the overall p-value of the model is less than 0.05, it states that
there exists significant relationship with the dependent variables. POP_DENS, and MNF
3 were found to have significant relationship with SDT volume at or above 0.1% level of
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significance followed by MNF 2 at 10% level of significance. The other variables of WI,
SPI, NDVI, and MNF 4 were found not to have any significant relationship with SDT
volume.

lQ
Min
-621.01 -260.81

Median
-86.99

3Q
Max
176.01 3705.17

Coefficients:
(Intercept)
POP DENS
lJI
SPI
NDVI
MNF2
MNF3
MNF-4

Estimate Std. Error t value Pr (>I ti)
--4.566e+06
6.097e+06 -0.7-49 0.-45397
9.89-4e+0l -3.123
0.00181
-3.090e+02
1.832e+02
1. 305e+02
1. -40-4 0.160-48
-4.689e+06
6. 2 60e+06
0.7-49 0.-45390
-5.580e+02
6.538e+02
-0.85-4 0.393-46
-2.065e+03
1.117e+03
-1.8-49 0.06-453
1 . 0-4-4e+03
3.3-46e+02
3 . 120 0.00183
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1; 1;

0 . 05 ' . '
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Residual standard error: 381.7 on 2330 degrees of freedom
(108-4 observations deleted due to missingness)
Multiple R-squared: 0.037-43,
Adjusted R-squared: 0.03-45-4
F-statistic: 12.9-4 on 7 and 2330 DF,
p-value: < 2.2e-16

Figure 4.4 Output of regression model (dependent variable is SDT volume) without
inventory data variable for hardwood forest cover.

4.1.3

Mixed forest cover
The results of the regression model for mixed forest cover are shown in Figure

4.5. For the mixed forest cover with inventory data, an R2 of 0.69 was obtained. The
model explains 69 % of the variance in the SDT mixed forest cover volume with these
variables. As the overall p-value of the model is less than 0.05, it states that there exists
significant relationship with the dependent variables. SDTS_DENS, MNF 2 and 3 were
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found to have strong significant relationship with SDT volume followed by MNF 3 (10%
level of significance). The other variables of POP_DENS, WI, SPI, and NDVI were
found to have no significant relationship with SDT volume.

Min

-1128.54

lQ

-138.27

Median
-21. 24

3Q

120.46

Max

932.80

Coefficients:

( 1 not defined because of singularities)
Estimate Std. Error t value Pr(> It I)
(Intercept) -8.073e+07 7.015e+07 -1. 151 0.25025
POP DENS
-5.059e+0l 1.435e+02 -0. 352 0.72460
SDTS DENS
5. 33 le+00 1.535e-0l 34.739 < 2e-16 1; 1; 1;
liJI
-2.949e+02 2. 172e+02 -1. 358 0.17501
SPI
8. 289e+07 7. 203e+07
1.151 0.25025
NDVI
7. 346e+0l 7.030e+02
0.105 0.91680
MNF2
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1.006e+03
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MNF3
1.078e+03 3.664e+02
2.942 0.00339 1; 1;

NA

MNF4
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0

\ 1;1;1;I

NA

0.001

\ 1;1;I

Residual standard error: 243 on
(344 observations deleted due
Multiple R-squared: 0.6983,
F-statistic:
201 on 7 and 608

NA

0.01

\ 1; I

NA

0.05

'

I

0.1

'

I

1

608 degrees of freedom
to missingness)
Adjusted R-squared: 0.6948
DF,
p-value: < 2.2e-16

Figure 4.5 Output of regression model (dependent variable is SDT volume) with
inventory variable (SDTS_DENS) for mixed forest cover.

For the mixed forest cover without inventory data (Figure 4.6) the R2 was only
0.09; very low in comparison to the inventory data. The model explains only 9% of the
variation of SDT mixed volume. As the overall p-value of the model is less than 0.05, it
states that there exists significant relationship with the dependent variables. POP_DENS
and MNF 2 were found to have strong significant relationship with SDT volume followed
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by MNF 3 (0.1% level of significance). The other variables of WI, SPI, and NDVI were
found to have no significant relationship with SDT volume.

1Q
Min
-923.58 -287.30

Median
-85.91

3Q
Max
207.26 1592.22

Coefficients:

(1 not defined because of singularities)
Estimate Std. Error t value Pr(>ltl)
(Intercept) -1.107e+07 1.210e+08 -0.091 0.927137
POP DENS
-9. 310e+02 2.439e+02 -3. 817 0.000149
liJI
1.033e+01 3.746e+02
0.028 0.978007
1.137e+07 1. 243e+08
0.091 0.927130
SPI
NDVI
-9.465e+02
1. 212e+03 -0.781 0.435319
MNF2
7.996e+03
1. 73 6e+03
4.605 5.03e-06
MNF3
2.051e+03
6. 306e+02
3.252 0.001207
NA

MNF4

Signif . codes:

0

NA

NA

NA

0.001 '~~, 0.01 '~' 0.05 ' . ' 0.1 '

'

1

Residual standard error: 419.5 on 609 degrees of freedom
(344 observations deleted due to missingness)
Multiple R-squared: 0.09935,
Adjusted R-squared: 0.09048
F-statistic:
11.2 on 6 and 609 DF,
p-value: 7.122e-12

Figure 4.6 Output of regression model (dependent variable is SDT volume) without
inventory data variable for mixed forest cover.

The regression model outputs for pine, hardwood, and mixed forest cover imply
that the primary contributor to the explained variance is the field-based variable. The
other geospatial variables contribute little to explained variance and therefore are
assumed to be of little use in spatial distribution modeling of SDT volume. Due to these
findings, alternative approaches using only field inventory data were used for SDT spatial
distribution mapping as indicated earlier.
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4.2

IDW geospatial SDT volume interpolation
At the plot level, the volume of pine SDTs ranged from 0 to 4636 cubic feet per

acre. A total of 2575 plots were found in Mississippi that had SDT pine. Pine plots were
relatively uniformly distributed throughout most of the state. No pines plots were found
in the Delta (northwest) region. The pine SDT plots were used in the spatial interpolation
technique of IDW (Figure 4.7). In general, high SDT pine volume distribution is noticed
in the south west, central and north MIFI regions compared to the south east region.
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Figure 4.7 Spatial distribution of small diameter tree (SDT) cubic foot volume per acre
estimated for the pine forest cover type of Mississippi using plot data from
Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents non-pine area.
*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.
For hardwoods at the plot level, a total of 3422 plots were found to be associated
with hardwood SDT volume. The volume for the SDTs in the hardwood forest cover
ranged from 0 to 4318 cubic foot per acre. The hard-wood plots were spread throughout
the study area including the delta region. The hardwood SDT plots were used in the
spatial interpolation technique of IDW (Figure 4.8). In general, low SDT hardwood
volume was noticed in the south east compared to other MIFI regions. High volumes
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were associated with the bottomlands bordering the delta counties. This is largely due to
the site specific pattern of hardwoods that are distributed along the rivers.
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Figure 4.8 Spatial distribution of small diameter tree (SDT) cubic foot volume per acre
estimated for the hardwood forest cover type of Mississippi using plot data
from Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents the non-hardwood area.
*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.

For mixed forest cover at the plot level, 960 plots were found to be associated
with the mixed SDT volume. The volume for the SDTs in the mixed forest cover ranged
from 0 to 2310 cubic foot per acre.
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Figure 4.9 Spatial distribution of small diameter tree (SDT) cubic foot volume per acre
estimated for the mixed forest cover type of Mississippi using plot data from
Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents the non-mixed area.
*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.

The mixed plots were distributed similarly to the pine plots across the state. In
addition, a few plots were also found in the delta region. The mixed SDTs plots were
used in the spatial interpolation technique of IDW (Figure 4.9). In general, high SDT
mixed volume is noticed in the central and north in comparison to the low volumes in the
south east and south west MIFI regions.
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4.3

IDW geospatial SDT volume ratio interpolation
At the plot level, the SDT volume ratio was derived for pine, hardwood, and

mixed forest covers using the equations 3.6, 3.7, and 3.8 respectively. For pine forest
cover, the mean and standard deviation for all 2575 plots were 0.598 and 0.3 respectively.
Similar to the SDT pine volume interpolation, the pine volume ratio spatial map (Figure
4.10) was produced. High ratios were noticed in the south-west, central and north MIFI
regions. A high ratio reflects high SDTs volume areas where the proportion of large trees
could be increased by improved intensive management.
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Spatial distribution of small diameter tree (SDT) volume ratio per acre
estimated for the pine forest cover type of Mississippi using plot data from
Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents non-pine area.

*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.

For hardwood forest cover, the mean and standard deviation of SDT volume ratio
for 3422 plots were 0.32 and 0.24 respectively. Similar to the SDT hardwood volume
interpolation, the hardwood volume ratio (Figure 4.11) map was derived for the study
area. High ratios were noticed in the south-east, central, and north in comparison to other

35

MIFI regions. A high ratio reflects high SDTs volume areas where the proportion of large
trees could be increased by improved intensive management.
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Spatial distribution of small diameter tree (SDT) volume ratio per acre
estimated for the hardwood forest cover type of Mississippi using plot data
from Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents non-hardwood area.

*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.

For mixed forest cover the mean and standard deviation of the SDT volume ratio
for 960 plots were 0.44 and 0.27 respectively. Similar to the SDT mixed volume
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interpolation, the mixed volume ratio (Figure 4.12) map was derived for the study area.
High ratio was noticed in the central and north in comparison to other MIFI regions. A
high ratio reflects high SDTs volume areas where the proportion of large trees could be
increased by improved intensive management.
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Spatial distribution of small diameter tree (SDT) volume ratio per acre
estimated for the mixed forest cover type of Mississippi using plot data
from Mississippi Institute for Forest Inventory (MIFI) and inverse distance
weighted interpolation*. White represents non-mixed area.

*The original resolution is better depicted in the inset than the state-wide map. The state
map is oversampled due to image capture and printing constraints of software.
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4.4

Non-spatial (tabular) analysis
SDT resources were estimated for total trees and volume (cubic feet) for various

groups of DBH class, species group, stand size, forest cover type, ownership, and county.
All the estimates for total trees and total volume were based on per acre conversion at the tree
level data. The results are discussed in the following sections for each group.

4.4.1

SDTs by DBH class
DBH distinguishes SDTs from other tree diameter groups. SDTs, as previously

stated include 5 to 11 inch DBH trees. MIFI tree-level data are organized by DBH classes
with 1 inch increments. As such for SDT, the overall volumes for DBH classes ranging
from 5-11 inch classes were estimated and compiled in 1 inch increments (Table 4.1).
Regarding the tree totals, 11-inch and 5-inch DBH classes had the lowest and highest
frequencies respectively. The lowest and highest total volumes were associated with 5inch and 11 inch DBH classes respectively.

Table 4.1

Summary of small diameter estimated total number of trees and volume
estimates by diameter at breast height class group in Mississippi derived
from Mississippi Institute for Forest Inventory (MIFI) tree level database.
DBH class
5
6
7
8
9
10
11

Total trees

Total Volume (ft 3)

200,751,967
200,520,819
195,036,865
152,649,728
124,627,783
116,778,774
109,640,464

346,570,667
547,965,281
840,763,770
957,519,396
1,118,055,134
1,360,566,743
1,686,452,920
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4.4.2

SDTs by species group
A total of 23 species groups (Table 4.2) exist in Mississippi as per MIFI inventory

program reporting. Total SDTs by species group ranged from 16,111,585 to 172,991,337.
With respect to the total tree volumes, the range in total volume was from 64,875,665 to
1,024,994,883 cubic feet. The exotic species group had the lowest total trees and volume.
Soft maple and other red oaks groups had the highest total trees and volume respectively.

Table 4.2

Summary of small diameter estimated total number of trees and volume
estimates by species group in Mississippi derived from Mississippi Institute
for Forest Inventory (MIFI) tree level database.
Species group
Longleaf and slash pine
Loblolly and shortleaf pine
Other yellow pines
Cypress
Other softwoods
Select white oaks
Select red oaks
Other white oaks
Other red oaks
Hickory
Soft maple
Beech
Sweet gum
Tupelo and black gum
Ash
Cottonwood and aspen
Basswood
Yellow-poplar
Black walnut
Other soft hardwoods
Other hard hardwoods
Noncommercial
Exotic

Total trees Total volume (ft 3)
59,161,292
380,621,365
159,043,812
841,184,454
97,522,039
615,616,791
74,369,808
632,398,831
120,713,450
689,304,933
144,004,311
903,654,807
116,247,558
783,927,980
150,286,836
918,290,418
156,452,718
1,024,994,883
153,303,506
989,470,480
172,991,337
768,293,613
121,347,344
692,948,462
162,302,734
911,796,646
156,081,652
920,661,778
140,848,517
848,814,245
27,691,667
196,898,167
37,820,871
161,064,997
148,329,231
907,267,999
16,705,856
128,404,434
170,463,803
982,970,812
167,398,657
759,725,591
150,646,603
641,260,392
16,111,585
64,875,665
39

4.4.3

SDTs by stand size class
MIFI inventory data were grouped in-to four size classes (Table 4.3). Total trees

and total volumes were estimated for these size classes in Mississippi. Total trees
estimates ranged from 52,719,775 to 2,898,770,389 and total volume estimates ranged
from 187,362,314 to 14,708,159,165 cubic feet. The non-stocked size class comprised the
lowest total trees and total volume while pole timber/pulpwood size class had the highest
total trees and total volume in Mississippi.

Table 4.3

Summary of small diameter estimated total number of trees and volume
estimates by stand size class group in Mississippi derived from Mississippi
Institute for Forest Inventory (MIFI) plot level database.

Size class
Total trees
1,400,487,182
Saw timber
2,898,770,389
Pole timber/Pulpwood
Seedling-sapling, Sub-merchantable 1,120,834,527
Non-stocked

4.4.4

52,719,775

Total volume (ft 3)
12,341,898,668
14,708,159,165
2,519,695,082
187,362,314

SDTs by forest cover type
The land cover (Table 4.4) in Mississippi is grouped into pine, hardwood, mixed

and non forested areas by the MIFI inventory program. SDT recourses estimated for these
forest covers (Table 4.4) indicated that the total trees ranged from 37,931,720 to
4,011,417,190 and total volume estimates ranged from 402,699,992 to 21,188,573,425
cubic feet. The lowest estimates for total trees and total volume were associated with the
non-forested area. Within the forested area total trees and total volume from lowest to
highest were in the order of hardwood, mixed, and pine.
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Table 4.4

Summary of small diameter estimated total number of trees and volume
estimates by forest cover group in the Mississippi derived from Mississippi
Institute for Forest Inventory (MIFI) plot level database.
Forest Cover
Total Trees Total Volume (ft 3)
37,931,720
402,699,992
Non-forest
1,905,465,051
11,051,968,749
Hardwood
1,984,141,512
11,283,236,377
Mixed
4,011,417,190
21,188,573,425
Pine

4.4.5

SDTs by ownership
Forest land in Mississippi is classified into ten different ownership classes by

MIFI (Table 4.5). SDT resources were estimated for total trees and total volume for these
ten ownership classes. The results were presented in Table 4.5. Total trees estimates
ranged from 81,228,144 to 2,862,204,868 and total volume estimates ranged from
489,452,431 to 15,501,618,207 cubic feet. Total trees and total volume estimates was
lowest and highest for Indian lands and other private individual respectively.

Table 4.5

Summary of small diameter estimated total number of trees and volume
estimates by ownership class group in Mississippi derived from Mississippi
Institute for Forest Inventory (MIFI) plot level database.
Ownership
National Forest(USFS)
Indian Lands
Other Federal
State
County and Municipal
Forest Industry
Other Private-Individual
Urban
USDA Fish and Wildlife
Unknown

Total trees
1,187,770,252
81,228,144
563,388,436
1,101,853,273
323,079,925
2,862,204,868
2,166,113,008
363,432,808
304,539,034
597,228,033
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Total Volume (ft3)
6,929,642,704
489,452,431
3,162,122,974
6,589,378,442
1,921,744,464
15,501,618,207
12,167,520,597
2,320,228,612
2,008,169,469
2,606,184,335

4.4.6

SDTs by county
SDT resources were estimated for total trees and total volume for all counties in

Mississippi (Table 4.6) Total trees estimates ranged from 2,107,078 to 68,048,941 and
total volume estimates ranged from 16,051,346 to 352,261,213 cubic feet. Quitman
County had the lowest SDT estimates for total trees and total volume. Highest SDT
estimates for total trees and total volume were associated with Wayne County.

Table 4.6

Summary of small diameter estimated total number of trees and volume
estimates by county group in Mississippi derived from Mississippi Institute
for Forest Inventory (MIFI) plot level database.
County
Adams
Alcorn
Amite
Attala
Benton
Bolivar
Calhoun
Carroll
Chickasaw
Choctaw
Claiborne
Clarke
Clay
Coahoma
Copiah
Covington
Desoto
Forrest
Franklin
George
Greene

Total trees Total Volume (ft3)
15,788,037
81,677,185
13,517,441
71,923,465
63,378,169
304,620,941
49,760,746
240,903,881
17,095,486
101,543,257
5,661,551
37,121,181
25,218,498
156,406,641
30,990,875
164,606,063
20,390,861
128,714,860
30,657,656
189,466,166
20,088,132
117,494,718
53,200,149
317,634,410
19,399,021
120,442,891
4,211,327
29,689,245
53,564,455
265,754,843
14,831,669
57,064,014
14,294,344
80,071,213
25,532,117
139,206,786
54,762,255
325,910,303
28,007,486
137,855,297
61,364,445
290,464,804
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Table 4.6 (continued)
Grenada
Hancock
Harrison
Hinds
Holmes
Humphreys
Issaquena
Itawamba
Jackson
Jasper
Jefferson
Jefferson Davis
Jones
Kemper
Lafayette
Lamar
Lauderdale
Lawrence
Leake
Lee
Leflore
Lincoln
Lowndes
Madison
Marion
Marshall
Monroe
Montgomery
Neshoba
Newton
Noxubee
Oktibbeha
Panola
Pearl River
Perry
Pike
Pontotoc
Prentiss

22,190,330
24,232,961
27,986,163
41,421,826
29,046,263
2,801,116
6,479,219
37,445,325
36,520,811
43,642,744
24,932,707
24,502,510
25,006,379
34,013,506
34,264,239
23,576,507
39,801,530
34,907,623
36,807,457
15,897,081
5,351,256
45,273,378
15,107,137
37,002,390
27,290,340
29,845,435
38,700,269
23,389,609
30,685,629
38,284,259
30,020,428
20,009,531
18,653,025
51,501,012
38,829,193
25,447,208
22,044,186
25,703,553
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122,842,704
115,230,960
148,795,647
233,620,584
188,072,788
18,621,407
46,738,092
196,448,835
191,493,729
248,970,467
137,769,962
147,957,396
107,471,971
182,169,698
226,999,569
135,440,212
225,834,346
228,610,058
208,803,125
99,185,516
34,651,513
257,210,346
86,734,829
214,475,270
165,523,086
161,348,487
217,827,578
123,292,892
172,411,492
229,768,050
182,531,164
126,680,106
98,300,142
241,578,241
160,223,292
148,596,204
108,416,772
124,276,441

Table 4.6 (continued)

4.5

Quitman
Rankin
Scott
Sharkey
Simpson
Smith
Stone
Sunflower
Tallahatchie
Tate
Tippah
Tishomingo
Tunica
Union
Walthall
Warren
Washington
Wayne
Webster
Wilkinson
Winston
Yalobusha

2,107,078
50,838,593
35,441,282
8,214,632
48,625,976
33,491,287
30,219,972
2,825,706
9,881,664
11,528,904
23,833,279
25,240,043
2,831,628
15,870,876
26,126,897
17,526,629
6,037,928
68,048,941
19,657,936
37,931,620
35,180,981
30,670,767

16,051,346
289,971,207
217,744,608
47,506,559
294,727,388
208,612,134
165,295,013
17,771,464
69,814,461
55,061,561
130,562,094
128,523,085
21,688,554
87,288,993
147,721,179
129,154,535
39,240,285
352,261,213
144,663,344
218,620,716
216,401,379
163,581,847

Yazoo

32,006,476

205,018,336

Discussion
The main objective of this research was to analyze the use of GIS, remote sensing

variables for mapping and estimating SDT volume based on field inventory data. Past
research was not found pertaining to mapping the spatial extent and estimating the
volume of SDTs. An attempt was made to estimate the SDT volume resources using
general approaches of integrating GIS, remote sensing and field inventory data. Results
show that use of specified GIS and remote sensing variables, though significant
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statistically for some of the variables by forest cover, was not promising for volume
analysis without the concurrent use of field inventory data. Supportive weak correlations
between the ground-based estimates and the attributes based on satellite data were
similarly found by Foody et al., (2001) and Saatchi et al., (2007).
As tree volume is a function of diameter and height, high spatial resolution
products like lidar (Parker and Evans, 2004; Parker and Evans, 2008; Means et al., 1999)
might be considered to map volume distribution. Lidar was found to accurately model
biophysical parameters at the individual tree level (Popescu, et al., 2004) that can used to
derive intermediate map products of diameter and height to derive volume distribution
map. However, high spatial resolution data is much more expensive, and requires much
more time to implement data analysis than medium spatial resolution images. The time
for image processing and the cost for image purchase may be important factors
influencing the extensive application of high spatial resolution data sets for above
ground- biomass estimation in a large area.
The use of high resolution products was beyond the scope of this project in terms
of budget, and time. The use of satellite and GIS variables at 30 m resolution in the
present research did not prove promising in estimating and mapping SDT volume. As
such for this research, field data alone was considered to characterize SDT volume. The
output maps show the estimated SDT volume distribution for Mississippi by forest cover
class. These volume distribution spatial products can be used as reference maps by forest
and other biofuel industries for possible utilization of the SDT resources. Spatial products
were also developed for volume ratio for each forest cover. These volume ratios indicate
SDT volume distribution in relation to other diameter classes. The mean of the volume
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ratio was 0.6, 0.3, and 0.4 for pine, hardwood, and mixed forest cover respectively. The
comparisons of volume ratios of these forest covers provide a priority basis for the
potential need for intensive forest management by forest management personnel and
industries. A high ratio reflects high SDT volume areas where the proportion of large
trees could be increased by improved intensive management.
Non-spatial (tabular) resource estimates give an idea of overall SDT resource
availability under various categories. These estimates might also aid in effective resource
utilization potential for industries looking for a particular DBH class or stand size class or
by any other category. Information from these summary tables would also be of interest
in regional wood supply studies and policy matters at a larger scale. Spatial products
were only developed by forest cover category for the present research. This would
provide a starting point for mapping SDT volume under various other categories for
effective resource utilization. Spatial products related to the non-spatial outputs such as
DBH class, species group, and stand size class might be useful for industries that need to
acquire resources for particular timber products.
This research forms a starting point for effective SDT resource utilization. Further
investigations should focus on using high resolution data sets, especially Lidar that
effectively captures tree-level biophysical properties. Even with the usage of medium
resolution data such as Landsat, alternative mapping approaches such as K-Nearest
neighbor classification (Reese et al., 2002), and sub pixel analysis (Huang et al., 2009)
need to be explored in examination of forest structure related SDTs. Research might be
further carried out on identifying good explanatory variables that are not explored in this
research such as climatic, soil, and relevant site factors. Road/city buffer analysis might
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also be used to identify significant buffer distances for effective utilization and
management of the SDT resources.
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CHAPTER V
SUMMARY AND CONCLUSIONS
In the present study SDT resources were estimated in Mississippi. A linear
regression model was fit for SDT volume by forest cover type with and without field
inventory data. Non-inventory data include the GIS and remote sensing variables of
population density, WI, SPI, NDVI, MNF components 2, 3, and 4. The model fit
suggested that for all the three forest cover types of pine, hardwood, and mixed though
the model was significant; the R2 values were low in all the cases without the inventory
data. The only inventory data included in the model was SDT density. The inclusion of
SDT density improved the R2 tremendously. The model demonstrates that at least for the
examined variables, only the field data would be useful for mapping the spatial
distribution of SDTs. Non-spatial estimates of SDT resources were derived by DBH
class, species group, ownership, stand size, forest cover type, and county.
The following can be concluded from this research.
1. The GIS and remote sensing variables examined in the study did not provide
useful information to explain SDT volume in Mississippi.
2. The results of the regression analysis were similar for pine and mixed forest
covers.
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3. In general, for models with and without inventory data, population density, MNF
components 2 and 3 were found to have significant relationship with SDT volume
among the GIS and remote sensing variables.
4. Non spatial estimates indicate that estimated lowest total number of trees were
found in the following groups: 11 inch DBH class, exotic species group, nonstocked stand size class, non-forested land cover, Indian lands ownership and
Quitman County.
5. Highest estimates for total number of trees in Mississippi were found in the
following groups: 5 inch DBH class, soft maple species group, pole timber/
pulpwood stand size class, pine forest cover, other-private individuals ownership
and Wayne County.
6. Lowest total SDT volume estimates in Mississippi were found in the following
groups: 5 inch DBH class, exotic species group, non-stocked stand size class,
non-forested land cover, Indian lands ownership and Quitman County.
7. Highest total SDT volume estimates in Mississippi were found in the following
groups: 11 inch DBH class, other red oaks species group, pole timber/ pulpwood
stand size class, pine forest cover, other-private individuals ownership and Wayne
County.
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